IMPORTANCE Population-based information on the distribution of histologic diagnoses associated with skin biopsies is unknown. Electronic medical records (EMRs) enable automated extraction of pathology report data to improve our epidemiologic understanding of skin biopsy outcomes, specifically those of melanocytic origin.
T he number of skin biopsies performed in the United States increases by approximately 6% annually, 1 and nearly 1 in 10 older adults undergoes a skin biopsy procedure each year. 2 This utilization amounts to millions of skin biopsies per year, yet little is known about the outcomes of these biopsies from a population perspective. The paucity of information exists in part because registry-based reporting is not mandated in the United States for dermatological diseases other than cutaneous melanoma. This knowledge gap is compounded by variable diagnostic classifications as well as variable integration of pathology reporting and claims-based billing data, such that final pathology skin biopsy diagnoses are not consistently recorded using typical billing or insurance claims. Accordingly, the epidemiology of most diseases for which skin biopsies are performed remains largely unknown. In general, research in this area has been limited to case series and small cohort studies with designs unable to provide reliable population-based estimates. 3 Alternatively, studies have used insurance claims-based analyses of specific conditions (such as nonmelanoma skin cancers) that are often restricted to specific patient subpopulations (eg, Medicare participants) using repurposed data of varying fidelity and narrow statistical approaches.
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In particular, our understanding of the epidemiology associated with skin biopsies revealing nonmalignant melanocytic neoplasms remains limited. The lack of information regarding the prevalence and distribution of benign nevi vs dysplastic nevi has, in turn, constrained our ability to evaluate potential overdiagnosis and underdiagnosis of these lesions, despite the emergence of promising standardized tools enabling consistent and meaningful histopathologic grading. 7, 8 While multiple prior studies report variability in the interpretation of melanocytic lesions, 2,9-14 with some dermatopathologists recommending expert consensus review for challenging cases, 15 it is not known what percentage of all skin biopsies result in diagnoses of melanocytic lesions across the spectrum from benign through intermediate to malignant lesions. 16 Rising adoption of electronic medical record (EMR) systems, in concert with advances in machine learning-based algorithms, may enable improved understanding of the diagnostic outcomes associated with skin biopsy procedures that could overcome previous challenges. These challenges include reliance on diagnostic and procedural codes that are primarily designed for insurance reimbursement and not epidemiologic research. Accuracy can sometimes be enhanced by manual medical record review, but this may be expensive, time-consuming, and subject to inherent variability across human abstractors, in addition to posing potential risks to patient privacy.
Natural language processing (NLP)-an array of computational methods for evaluating machine-readable, unstructured text-has recently emerged as an alternative or adjunctive approach for gathering rich clinical details embedded within EMR systems for large-scale analyses. We used an NLP-based system to describe the distribution of diagnoses applied to skin biopsies, a basic question that has, to date, remained unanswered. Although a similar NLPbased approach has been used to assess lymph node status in patients with invasive melanoma, 29 the overall populationbased estimates of cutaneous melanocytic lesions is unknown, and more specifically, the distribution of melanocytic proliferations ranging from benign to malignant has not been previously characterized. We report the results of an NLP-based approach to evaluate skin biopsy pathology reports from patients in a large, integrated health system. Our primary goals were (1) to determine the percentage of all skin biopsies diagnosed as melanocytic proliferations and (2) to categorize and characterize the distribution of these melanocytic proliferations using the Melanocytic Pathology Assessment Tool and Hierarchy for Diagnosis (MPATH-Dx) schema, a standardized classification system for melanocytic lesions ranging from class I (eg, benign melanocytic lesions) to class V (eg, ≥pT1b invasive melanomas).
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Methods
Study Population and EMR-Documents
This study was conducted at Kaiser Permanente Washington (formerly Group Health Cooperative), an integrated health care delivery system in Washington State, from January 1, 2007, to December 31, 2012. Clinical documents for all patients were obtained from EMR systems and included all available machine-readable pathology reports. These were chosen as the primary source of skin biopsy-associated diagnoses because pathology reports provide the strongest evidence regarding the outcome of the skin biopsies and are often linguistically simpler than other clinical text contained within an EMR. This study was approved by the Kaiser Permanente Washington institutional review board, waiving written informed consent for deidentified data.
Inclusion/Exclusion Criteria
The study population included all patients ages 18 years or older enrolled in the health plan during the study period who
Key Points
Question What are the population-based distributions and pathologic characteristics of melanocytic proliferations, ranging from benign to malignant, as diagnosed via skin biopsies?
Findings Using natural language processing applied to 80 368 pathology reports, we found that 23% of biopsies performed were of melanocytic lesions and 77% were of nonmelanocytic lesions. When the melanocytic lesions were subclassified by MPATH-Dx category, we found that about 83% were class I; 8% class II, 5% class III, 2% class IV, and 2% class V.
Meaning These population-based estimates provide important new data on the frequency of melanocytic proliferations and the characteristics of their diagnostic spectrum. underwent a skin biopsy. We defined skin biopsies using corresponding Healthcare Common Procedure Coding System (HCPCS)/Current Procedural Terminology 4 (CPT-4) and International Classification of Diseases, Ninth Revision (ICD-9) codes (eAppendix 1 in the Supplement). Twelve months of continuous patient enrollment, defined as enrollment gaps no longer than 92 days prior to skin biopsy, was required for study inclusion.
Study Design, Exposures, and Outcomes
The primary study design was cross-sectional, with the primary exposure constituting receipt of a skin biopsy and the primary outcomes defined as (1) frequency and percentage of nonmelanocytic vs melanocytic histologic diagnoses and (2) frequency and percentage of melanocytic proliferations classified according to the MPATH-Dx system.
7
The MPATH-Dx classification system was developed as a tool to standardize and improve communication about melanocytic lesions. The development and evaluation of this tool has been previously reported. 7, 8, 14 Briefly, the histologic diagnosis of these lesions can be subject to discordance and errors, potentially leading to inappropriate treatment and harm. The lack of standardization in diagnostic terminology can lead to confusion for clinical care and challenges for investigators. The diverse terminologies are stratified by commonalities of treatments into a 5-class MPATH-Dx system moving from benign lesions to the highest grade of invasive melanoma (Figure) . The study was performed within a Surveillance, Epidemiology, and End Results Registry (SEER) location so that we could take advantage of SEER estimates for delineating the invasive melanoma cases. The NLP-based system used to extract information from pathology reports was not designed to distinguish between MPATH-Dx class IV (invasive melanoma stage T1a) and class V (invasive melanoma ≥stage T1b); thus, estimates for these categories were initially combined into a single class IV/class V category. Thereafter, corresponding populationlevel estimates of invasive melanoma by stage were obtained from the local integrated health system cancer registry data used in SEER registry reporting (for all enrollees 18 years or older from 2007 through 2012) (eAppendix 2 in the Supplement). The relative population-level percentages of stage T1a and stage T1b or higher invasive melanomas were then applied to the combined MPATH-Dx class IV/class V category to derive estimates of class IV vs class V frequencies and percentages.
We conducted a secondary analysis to describe the diagnoses from skin biopsies of melanocytic proliferations over time at the level of the patient. A retrospective cohort design was used to account for additional diagnoses that may arise over time as subsequent skin biopsies are performed. For this secondary analysis, each patient undergoing skin biopsy was included only once, identified according to the date of the index or first skin biopsy. Each patient was followed over 1 year from the date of index skin biopsy to determine if additional skin biopsies were performed and if the patient received a higher-level diagnosis after subsequent biopsies. Subsequent biopsies (if any) performed following the index biopsy were identified and stratified by prespecified time intervals (index biopsy, 90 days, and 365 days). We report person-level pathology diagnosis distributions for men and women by age group.
NLP classification
Original pathology reports (n = 289) were identified with a goal of capturing a stratified distribution of pathology reports across each of the MPATH-Dx classes. The original reports were independently reviewed and classified into the MPATH-Dx system by 2 experienced dermatologists (J.P.L. and E.K.), and any cases with disagreements were reviewed in conjunction to reach consensus. A string search method was initially used to extract information from the text with phrases used to create a simple context-free grammar that generated 6455 different phrases, all linked to their associated MPATH-Dx class. As each phrase is created, it is turned into a regular expression that allows for flexible spelling and spacing between words.
The second step was to incorporate linking and negation rules using a modified version of the NegEx algorithm. 30 These linking rules describe conjunctions such as "and," "or," and commas to ensure that linked phrases are appropriately negated according to their intended linguistic meaning. These rules ensure that such phrases as "no melanocytes or nevus detected" are interpreted correctly by the NLP algorithm as meaning "no melanocytes" as well as "no nevus." Positive predictive value (PPV) (also called precision [P]), sensitivity (also called recall [R] ) and the summary F1 score were computed according to the following equation to determine the performance of the search method and query classification used in this project: Fβ = ([1 + β2] PR)/β2P + R, where β is the balance between precision and recall. This is a harmonic weighted mean of precision and recall. Commonly, the F score is used with a β = 1 (β times as much importance to recall as precision) and then called the F1 score.
Given that individual pathology reports may contain multiple diagnoses associated with multiple biopsies performed during a single dermatology visit, coding for separation of multiple diagnoses per pathology report were implemented. A detailed description of the NLP-system and classification is included in eAppendix 2 in the Supplement.
Results
In early 2007, before digitization of all pathology report text was standardized within the integrated health care system EMR, 11 987 reports were not readable by the NLP algorithm. Thus, this study sample included patients undergoing skin biopsies from mid-2007 through the end of 2012. During this period, a total of 80 368 skin biopsies were performed on 47 529 adult patients. Most patients underwent only 1 skin biopsy (n = 32 262 patients) or 2 biopsies (n = 9015 patients). The mean number of skin biopsies per patient was 1.9 (range, 1-34). Compared with consensus diagnoses obtained from independent manual medical record review, the NLP system yielded the following performance characteristics: PPV, 82.4%; sensitivity, 81.7%; and F1 measure, 0.82.
Of the 80 368 skin biopsies, 61 653 (77%) were of nonmelanocytic lesions, and 18 715 were of melanocytic lesions (23%). The distribution of the 18 715 melanocytic lesions using the MPATH-Dx classification system is detailed in the Table. The overall distribution by MPATH-Dx class was as follows: class I, 83.1% (n = 15 558); class II, 8.3% (n = 1548); class III, 4.5% (n = 842); class IV, 2.2% (n = 405); and class V, 1.9% (n = 362).
While these results describe outcomes at a skin biopsy level, we performed secondary analyses at the level of the individual patient, since patients often undergo multiple skin biopsies in clinical practice. We present data for the index biopsy and showing the classifications at 90 days and 365 days after the index biopsy at the patient level (eAppendix 3 in the Supplement). The results suggest that over the course of 1 year, an upgrading of MPATH-Dx diagnosis classification occurs for a small number of patients after follow-up. We display stratified results for men and women and by age groups in eAppendix 3 in the Supplement.
Discussion
In this study, we successfully used NLP techniques to review more than 80 000 pathology reports of skin biopsies performed over a 6-year period. We found that about 1 out of every 4 skin biopsies (23%) were of melanocytic lesions, highlighting the importance of a classification system that pathologists can use for these diagnostically challenging lesions. We were also able to quantify the breakdown of these melanocytic lesions by MPATH-Dx class as follows: class I, 83.1%; class II, 8.3%; class III, 4.5%; class IV, 2.2%; and class V, 1.9%.
This preliminary study of NLP-based analysis yielded an F1 score of 0.82. Previous research has found that a human annotator will achieve an F1 score around 0.88 on a similar task. Given that NLP algorithms may continue to be iteratively refined and improved given ongoing implementation across data sets, our initial approach may be considered to have yielded excellent performance characteristics, particularly given the complexity of the task.
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While this study was performed at a single site, and the results of skin biopsies may be different in other geographic and clinical settings, the underlying health system patient population is large and representative of adults living in the region. Additionally, the MPATH-Dx tool is not currently used in all clinical practices, nor do all pathologists grade melanocytic lesions.
A striking array of terms are currently used by pathologists when interpreting the same melanocytic lesion.
8 Thus,
collapsing the plethora of terms used by practicing pathologists into a smaller number of classes using the MPATH-Dx tool may improve communication and the ease of abstracting information from EMRs. 7 Moving forward, as more pathologists use the MPATH-Dx tool to classify melanocytic lesions internationally, these diagnostic classes will enable more rapid and accurate NLP assessment of large bodies of EMR data. National guidelines on phraseology in pathology reporting have long been suggested, 32 and adopting such guidelines would improve our ability to extract helpful information from EMRs using NLP.
Limitations
Our study has limitations. We did not include skin biopsies from children, and biopsy outcomes might be different in other populations. Additionally, although our study classifies melanocytic skin lesions according to the MPATH-Dx tool, this classification system is not currently universally adopted nor accepted. However, in a national study of pathologists using the MPATH-Dx classification system for diagnostic interpretations, 14 the majority of pathologists (96%) thought it somewhat to very likely that patient care would be improved by the use of a standardized taxonomy such as the MPATH-Dx tool in the diagnosis of melanocytic skin lesions. Nearly all participants in that study (98%) also stated that they would likely adopt a standardized taxonomy in their own clinical practice if available. Additionally, we recognize that there may be errors in data fidelity associated with skin biopsy identification and associated pathology outcomes arising from potential inaccuracies in EMR data as well as incompletely optimized NLP identification and classification. However, we believe that these anticipated limitations have minimal effect on our main results and acknowledge that performance of NLP applied to this novel area of research will likely continue to improve. Future work should include validating the NLP-based system's performance in other institutional settings and incorporating machine learning to enhance the accuracy of status annotations (eg, negation, uncertainty). Additional areas of focus should also explore combining NLP-based methods with structured data algorithms based on diagnostic and procedural codes 33, 34 to improve the accuracy of melanoma classification. If clinical documents describing some diagnostic outcomes are ambiguous or incomplete, structured data may help to clarify diagnoses, thereby improving opportunities to conduct population-based research within this important area of dermatology. Such research may be necessary for ongoing efforts to optimize delivery of dermatologic care, for which sound and sufficiently large population-based research is critical.
Conclusions
In summary, we successfully used an NLP technique to quantify and characterize the outcomes of skin biopsies. Given the prevalence of melanocytic proliferations noted in this population-based study, estimated at 1 of every 4 skin biopsies performed, the importance of reliable and accurate diagnoses on these challenging diagnostic cases is emphasized. 
APPENDIX 1. Skin Biopsy Identification and Melanoma Identification Using
Corresponding HCPCS/CPT 4, ICD-9, and ICD-O- Original pathology reports (N=289) were independently reviewed and classified into the MPATH-Dx system by two experienced dermatologists (JL, EK) and any disagreements reviewed in consensus using a modified Delphi method.
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A string search method was initially used to try and extract the information from each pathology report. We then used the phrases as a jumping off point and created a simple context free grammar that generated 6,455 different phrases, all linked back to their associated MPATH-Dx class by the name of the grammar rule that licensed it. For example:
In this simplified version of the grammar, a "sentence" must meet the rule "S", meaning it must be made up of an "A" and an "N". An "N" can only be the word "nevus". An "A" can be a "1N" or a "2N". A "1N" can be "blue" or "junctional". A "2N" can be "spitz". Therefore, this simple grammar would generate the phrases "blue nevus", "junctional nevus" and "spitz nevus", and all can be linked back to their MPATH-Dx class by the rule that licensed them. "1N" words are of MPATH-Dx class 1, and "2N" words are of MPATH-Dx class 2. The grammar that we used in the NLP pipeline is much larger than this and allows for more variation in word order, but the basic principle is the same. The systems first step is to read in the grammar and create a dictionary of phrases mapped to their MPATH-Dx class.
As each phrase is created, it is turned into a regular expression that allows for flexible spelling and spacing between words. Spacing tends to vary within text of the pathology reports, and, if the system were to assume single spacing it would miss a fair amount of instances. The regular expression allows for 0 or more spaces between words, to account for typographical errors. Regular expressions also allow for faster searching and matching than strings.
The second step was to read in the rules for the modified version of the NegEx algorithm. 29 There are two types of rules here: "linking" rules and "negation" rules. The linking rules describe conjunctions, such as "and", "or", and commas. These are used by the algorithm to ensure that phrases that are linked are both negated, such as in "no melanocytes or nevus detected". Both "melanocytes" and "nevus" are negated here, and that should be reflected. The negation rules are of the type "PREN" or "POST", signifying pre or post phrase negation. Pre-negations appear before the phrase in question and post-negations appear after the phrase in question. These are generally simple phrases, such as "no evidence of", "markedly declined" or simply the word "no". The algorithm allows for some scope, and, if a negation phrase occurs within two words or punctuation marks of the phrase, then the phrase is considered negated.
The pathology reports are read into the system once the phrases are generated and the negation algorithm is trained. Because each pathology report can have multiple diagnoses from multiple biopsy sites, the system first separates these. Biopsy sites are extracted from each report as the report is created. So, if the text says "A) blue nevus found on the elbow. B) no melanocytic lesions on the thigh", then those two sites are separated out and given different MPATH-Dx classes (A would be a class 1 and B would be a class 0). Each report has a unique label, a date, a patient ID, a list of the biopsy sites and their MPATH-Dx classes, a "most severe" field that links to the most severe diagnosis the report contained, and the raw text of the report.
The biopsies are classified as -1, 0, 1, 2, 3, 4,5, or 6 to represent the non-melanocytic lesions and the MPATH-Dx classification tool as shown in Table 1 . Basically, NLP Level -1 = cases where the NLP was not able to classify, NLP Level 0 = skin biopsies that had tissue with no melanocytic lesions and NLP Levels 1 and above were skin biopsies with varying types of melanocytic lesions.
We did not train the NLP system to extract the severity of invasive melanomas, which is the purpose of MPATH-Dx classes 4 and 5. Instead we are able to use SEER data to further classify the NLP Level 6 invasive melanoma diagnoses that the NLP system was not able to classify into the expected proportions that would be found within MPATH-Dx Class 4 and 5. Because NLP levels 4 and 5 are actually groupings of several different severity levels of invasive melanoma and because the NLP system judges severity through integer comparison, a more discrete numbering system was used and is presented in the table below. Thus NLP Levels 4 to 9 represent all of the invasive melanoma cases. The NLP system reviews data by patient, but, because a patient may have more than one entry, a more nuanced approach is required. It was found in an earlier study 21 that pathology reports and diagnosis can be reliably linked to their original procedure report using the patient ID and a +/-14 day date window. If the biopsy in question is classified as a 6, the system searches for the patient ID first, then searches for a diagnosis that was created within 14 days of the pathology report being entered into the health system EMR database. If no further diagnosis is found meeting those criteria, then the classification is left as a 6.
If the patient ID has not been seen before, then a new patient is created. Each patient object in memory contains the date of first index biopsy, the total number of biopsies the patient has received. For the analysis at the patient level showing diagnostic drift over the subsequent 365 days, the most severe diagnosis the patient received during a oneyear period after the index biopsy was noted, and an ordered timeline of all the skin biopsy pathology reports associated with the patient. This timeline is updated when a new pathology report is added. The patient objects are also able to create a snapshot of the patient's biopsy history in a given timeframe, assuming that the index date is the date of the first biopsy. This query process can be used to see the data in different ways (e.g., describing the highest level diagnosis when considering all biopsies within 30 days of the index biopsy, within 90 days of the index biopsy, etc).
As we are able to estimate the percentage of invasive melanoma within MPATH-Dx class IV vs. V from health plan SEER data, we did not pursue the process of using the NLP system to differentiate the invasive melanoma MPATH-Dx class IV vs. 
